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Abstract : Ensemble is a machine learning method that combines multiple learners to make collaborative decisions, which
can effectively integrate the probability distributions predicted by multiple models in machine translation tasks, thus improv-
ing translation accuracy. Although it has been extensively proved valid in machine translation evaluation, the sub-model se-
lection and integration strategies are still rarely researched. This paper mainly analyzes the two kinds of ensemble learning
methods: parameter averaging and model fusion in machine translation tasks. We further explore the impact of diversity and
model quantity on system performance from the perspectives of data and model. Experimental results show that the best result
yields improvements of 3.2 BLEU points over the strong Transformer baseline on WMT Chinese-English MT tasks.
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